Based on an analysis of failure causes, the axial force is the main reason why spindle bearings vibrate abnormally and cause frequent failures of the main fans in mines. In this paper, the probability density function of the spindle bearing vibration was established through the bootstrap maximum entropy method, the Lagrangian multiplier and the empirical coefficient were introduced, and models of the upper-and lower-bound functions of the probability density and the true value function of the failure probability were established. e true value function and interval estimation values of vibration reliability were obtained on the basis of maximum entropy. e analysis results showed that the estimation true values of vibration decreased with an increase in the empirical coefficient. When the empirical coefficient was less than 0.1, the estimated true value decreased sharply. When the empirical coefficient was greater than 0.1, the vibration value decreased linearly with the empirical coefficient. When the empirical coefficient was 0.1, the estimated true value was 0.85 mm/s 2 , which is consistent with the change in the actual vibration value. erefore, when the main fan is fault predicted, the vibration value should be 0.85 mm/s 2 as the basis for judgment and then the theoretical basis for the fault diagnosis of the spindle bearing are provided.
Introduction
As one of the fixed equipment in a coal mine, the main fan is responsible for conveying enough fresh air into the coal mine. is fresh air dilutes and discharges harmful gases and dust such as gas and carbon monoxide and ensures the safe operation of the coal mine. e performance and operating conditions of the main fan directly determine the safety of mine workers and the production efficiency in the coal mine [1] [2] [3] . e performance of the main fan, in turn, depends largely on the performance of its spindle bearings. During the actual operation, the main fan is subjected to additional impact loads owing to changes in ventilation and nonuniform deformation caused by installing the fan. All these loads are transferred to the bearings, thereby straining their working conditions and eventually causing them to fail. As a result, the fan would shut down and lead to major safety hazards. According to survey data, the failure of bearings accounts for more than half of the fan failures directly or indirectly. For example, fractures in the bearings of the main fan in the Qinling Power Plant, located in Shanxi Province of China, caused the fan to malfunction and resulted in grave accidents [4] . erefore, in this paper, a reliability evaluation method for the spindle bearing is proposed, which provides a theoretical basis for the early fault warning processing of the bearing and is one of the necessary means to avoid malfunctioning of the main fan.
Due to high test cost, the spindle bearings of the main fan in the coal mine lack enough test data, and so the prior information of the bearings is uncertain. ere are many difficulties to evaluate the reliability of the bearings. ese include the operating conditions that surround these bearings and lack enough test data. e cost of the bearing itself and that of its testing are also considerations. Xia et al. [5, 6] proposed a bearing evaluation model without prior information to solve the problem of evaluation of zero-failure data with unknown probability. Liu et al. [7] developed a prediction model of ammunition storage reliability in the natural storage state where the main affecting factors of ammunition reliability include temperature, humidity, and storage period. A new improved algorithm based on threestage ant colony optimization (IACO) and BP neural network algorithm is proposed to predict ammunition failure numbers. Research results showed that the IACO-BP algorithm has better accuracy and stability in ammunition storage reliability prediction than the BP network, PSO-BP network, and ACO-BP algorithm. Li et al. [8] used the Bayes method to introduce failure data into the confidence interval and established the modified one-sided confidence evaluation method.
e validity of the method was verified by experiments. Zhao et al. [9] used the failure factor and the adaptive coefficient to introduce the failure data and proposed an improved integrated E-Bayesian method to evaluate the avionics equipment, which proved that the method has better evaluation performance. On the basis of extracting the characteristics of the time domain, frequency domain, and time-frequency domain of the bearings, Wang et al. [10] proposed the improved logistic regression model with the principal component analysis method and obtained the bearing reliability curve and verified the correctness of their method. Preeti and Manisha [11] dealt with the design of the optimal ramp-soak-stress accelerated degradation test using the Wiener process for modeling degradation paths. e accelerated degradation test is incorporated in the zero-failure reliability demonstration test to facilitate reduction in the test duration resulting in reduction in the test cost of high-reliability items. Kwon [12, 13] used the Bayes theory to predict the reliability of products obeying the Weibull distribution and the lognormal distribution. Yang et al. [14] proposed a new Bayesian method based on engineering knowledge and mathematical relation to obtain more accurate results of the reliability assessment for a small sample size (less than 12) and zero-failure data. Kan et al. [15] established the zero-failure data form and the corresponding Bayesian model to solve the zero-failure problem of the numerical control machine tools, and an expert-judgment process that incorporates prior information was presented to solve the difficulty in obtaining reliable prior distributions of Weibull parameters. Furthermore, the proposed reliability model and assessment method under the zero failure of NCMTs was validated. Yin et al. [16] proposed a reliability analysis method based on the E-Bayesian estimation for zero-failure data.
e precision of estimation results of reliability increased significantly based on the hierarchical Bayesian estimation. Li et al. [17] built a Bayes model of the zero-failure problem for a single NC machine tool and presented the method of building the prior distributions of Weibull parameters. e method can be said to be a standard solution to the zero-failure reliability assessment for NC machine tools. Jiang et al. [18] presented a method to estimate the intervals of the failure probability for the Weibull distribution by using the concavity and the property of the distribution function and validated the effectiveness and robustness of the method. Xu and Zhixin [19] proposed a fuzzy Bayesian-based zero-failure accelerated degradation demonstration (ADD) test method.
is method takes the three uncertainties into account and is optimized based on the target of minimizing the test cost with a minimum sample size. Li et al. [20] presented a method to study the point estimates of reliability and confidence interval estimates of reliability. Wang et al. [21] built the novel method based on the kernel principal component analysis (KPCA) and the Weibull proportional hazards model (WPHM) to assess the reliability of rolling bearings. A high relative feature set was constructed by selecting the effective features through extracting the time domain, frequency domain, and timefrequency domain features over the bearing's life cycle data. Li et al. [22] proposed a new reliability assessment method based on the hidden Markov model considering performance degradation, called degradation-hidden Markov model for wind turbines, as expensive large-scale equipment with long lifetime face with the dilemma of lacking enough statistical data and leads to insufficiency reliability data for field operations.
is discussion shows that many researchers have carried out research on products with unknown probability and known probability and have obtained many beneficial results. However, owing to their special operating conditions, not only the prior information but also the test data are scarce for the spindle bearings of the main fan. Only a certain amount of zero-failure test data can be collected during the actual operation of the main fan. However, owing to significant variations in the working conditions of different coal mines, the operating conditions for bearings also vary widely. In view of this, based on the vibration data of the spindle bearings in the actual operation process, the bootstrap resample method is adopted to deal with the meager sample information on the bearings. Compared with other methods, the method can be used to study the data, which is the small sample of the zero-failure, and the probability distribution of the data is unknown. e method abandons the Lagrangian multiplier as a constant and establishes the probability density function of bearing vibration based on a large amount of data obtained by the bootstrap method. By changing the number of samples, different Lagrangian multipliers and the parameter estimation interval are obtained based on the maximum entropy method.
en, the upper and lower limits of the Lagrange multiplier are obtained, and different multiple probability density functions and reliability functions are acquired. Finally, the interval estimation of the reliability function is obtained according to the principle of minimum uncertainty.
e spindle bearing of the coal mine fan is evaluated for reliability so as to provide a theoretical basis for their fault diagnosis.
Mathematical Model
Based on the bootstrap principle, the reliability evaluation model of spindle bearings of the main fan is established by using resampling and the maximum entropy method.
2
Shock and Vibration
Bootstrap Principle.
During the operation of bearings, sets of zero-failure raw data are obtained through the vibration sensor and represented by the vector:
where x i stands for the ith zero-failure data and n for the number of data set.
According to the bootstrap principle, the bootstrap resampling sample, namely, X l , which contains l data extracted by E times from X, can be obtained by an equiprobable sampling with replacement from equation (1), and E samples can be obtained [23] , as follows:
and the average value of the bootstrap resampling sample is calculated using the following equation:
where l is the number of raw sample data set extracted each time. Moreover, x l (v) represents the vth data set of the bootstrap samples produced by extracting l data each time.
Probability Density Function.
e maximum entropy method is used to estimate the acquired vibration value optimally. Furthermore, the Lagrange multiplier is used to solve the extreme value of the objective function.
A significant amount of data are generated by using the bootstrap resampling method with the original data, which is represented by a continuous variable u. e maximum entropy is defined as
where f(u) is the probability density function of the zerofailure data after continuation and t is the integral interval. e constraint of the maximum entropy is as follows:
where m is the order of the origin moment (generally, m � 5) and m k is the kth order origin moment [24] . e Lagrangian multiplier method is used to maximize entropy. e Lagrangian function H can be expressed as
where λ k is the (λ + 1)th Lagrange multiplier and k � 0, 1, 2, . . ., m, with
e analytical version of the maximum entropy probability density is given by
Substituting equation (10) into constraint equation (5) gives
erefore,
and
Differentiating λ k of equation (12) gives the following equation:
Differentiating λ k of equation (13) gives the following equation:
Comparing equations (14) and (15), the mth order origin moment can be obtained as follows:
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Using equation (16) , m equations for solving λ 1 , λ 2 , λ 3 , . . . , λ m can be established, λ 0 can be obtained by equation (13) , and F(u) simulated probability distribution function for zero-failure data can be obtained as follows:
It is difficult to solve the probability distribution through the maximum entropy method. In this paper, the Newton iteration method of interval mapping is proposed to solve the probability distribution. e selection of the integral mapping interval is the key to the solving process. Furthermore, the original data are processed by using the histogram method.
e original zero-failure data are arranged in an increasing order and divided into groups of j to draw the histogram (histogram width ΔX � (X max − X min )/n); the value of the group (the midpoint value of each square width), namely, ξ q , and p q (the number of data falling in each of the square widths or the ratio of the number of data falling in each of the square widths to the total number of original data) can be obtained as q � 2, 3, . . . , j + 1. en, the histogram is expanded to the j + 2 group, and it is assumed that
To facilitate convergence, the raw data sequence is nondimensionally mapped onto interval [−e, e] [5] .
Suppose
where a and b are mapping parameters and x ∈ [−e, e] is available from dx � du/a:
e maximum entropy probability density can be obtained as follows:
Upper and Lower Limits of the Probability Density
Function. e number of samples, l, is changed, and different Lagrangian multipliers and mapping parameters are obtained by using the maximum entropy method: 
Interval Estimation of Lagrangian Multiplier.
According to the aforementioned analysis, the Lagrangian multiplier is taken as a variable and the bootstrap resampling method is used to estimate the interval of the Lagrange multiplier based on the maximum entropy principle.
Assuming the significance level is α, α ∈ [0, 1], the confidence level p is given by the following equation:
Assuming that the lower-limit value of the Lagrangian multiplier λ k is λ kL at the confidence level p, then
where λ k0 is the initial value of the integral variable. e upper boundary value is λ kU � λ k 1−(α/2) at the confidence level p. en,
e parameter estimation interval of the Lagrangian multiplier is obtained as follows:
Point Estimate of Mapping Parameters.
e point estimates of parameters a and b are given by a and b:
Solving the Upper-and Lower-Bound Functions of the Probability Density Function.
e upper and lower limits of the Lagrange multiplier and the point estimates of the mapping parameters are substituted into equation (20) , and the 2 m+1 probability density function curve is obtained:
where υ is the sequence number of the probability density function, υ � 1, 2, . . . , 2 m+1 ; λ 0υ is the first Lagrangian coefficient of the υth probability density function, λ 0υ � λ 0L or λ 0U ; and λ kυ is the (k + 1)th Lagrangian coefficient of the υth probability density function, λ kυ � λ kL or λ kU . e probability density estimate truth function is given as
From the principle of minimum uncertainty, the two curves closest to the curve of the true value function can be found, and the two curves are the upper-and lower-limit functions of the maximum entropy probability density f U (x) and f L (x).
Interval Estimation of the Reliability Function.
It is assumed that the reliability function obtained when the number of original zero-failure data is n is taken as its estimated truth value function. e specific solving process is as follows:
where F 0 (x) is the maximum probability distribution estimation truth value function and R L is the integral interval lower limit. Assuming that the empirical coefficient is ρ, the failure probability density estimation truth function can be expressed as follows [22] :
en, the maximum entropy reliability estimation true value function is given as
e upper-and lower-limit functions, f U (x) and f L (x), of the maximum entropy probability density distribution are substituted into equations (30)-(32) to obtain the upperand lower-limit curves of the reliability function:
According to the confidence level, the estimated truth value function is obtained on the basis of the truth value estimation curves of the reliability function. e estimated truth value function is substituted into the upper and lower limits of the reliability function to calculate the estimate interval of the obtainable reliability function:
A flowchart of the proposed method is shown in Figure 1 .
Bearing Vibration Reliability Assessment
e coal mine enterprise in Shanxi Province uses the NMAF3750/2135-1B main fan. e main fan parameters are given in Table 1 . e experimental data sets were generated from bearing under actual conditions, as shown in Figure 2 .
During the operation of the main fan, the spindle bearings show the following three faults: After analyzing the main shaft structure of the main fan and its installation method, the analysis of the spindle force, the spindle bearings are subjected to a large axial force, while the cylindrical roller bearing located on the side of the fan cannot withstand large axial loads, so it is easy to cause roller scratches. On-site spindle bearing vibration monitoring shows that the bearing vibration value increases very fast. After one month, the bearing vibration value exceeds the limit value, and the bearing is damaged. From the bearing vibration test and the vibration value record tables, a set of zero-failure data with significant changes in the bearing vibration value is extracted, as shown in Figure 4 . e bearings are evaluated for reliability using the measured zero-failure data.
Using the bootstrap resampling method, 15 data sets are extracted each time a total of 30,000 times. e obtained data are shown in Figure 5 .
Changing the number of samples l, extraction 30,000 times, the Lagrangian multiplier and mapping parameters are shown in Tables 2 and 3 .
Assuming the confidence level p � 95% (i.e., α � 0.05), the empirical coefficient ρ � 0.1, and using the obtained to obtain the reliability estimate truth value function, as shown in Figure 6 . For the same con dence level p 95% (i.e., α 0.05), when the empirical coe cients are di erent, the estimated true value and estimation interval are obtained, as shown in Table 4 . e reliability upper-and lower-limit functions and the truth value function are shown in Figure 6 .
It can be seen from Table 4 and Figures 6 and 7 that the estimated true value decreases as the value of the empirical coe cient increases. Moreover, the estimated interval difference decreases. is indicates that the estimated value is more accurate. It can be seen from Figure 6 that as the empirical coe cient increases, the minimum value of the estimated lower-limit function decreases. When ρ 0.3, the estimated lower-bound function value is less than 0 (i.e., −0.1507), and the lower-bound function estimate is already inaccurate; therefore, the empirical coe cient must not be greater than 0.3.
In Figure 7 , the ordinate is the reliability estimation true value, and the abscissa is the vibration value.
It can be seen from Figure 8 that as the empirical coe cient increases, the estimated value sharply decreases 
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when ρ is less than 0.1 and the estimated true value and ρ decrease substantially linearly when ρ is greater than 0.1. erefore, the empirical coe cient is a critical value at 0.1. It can be seen from Figure 4 that when the vibration value is greater than 0.84 mm/s 2 , the vibration value increases substantially linearly; therefore, the empirical coe cient ρ 0.1 is taken.
It can be seen from Figure 6 Shock and Vibrationupper and lower limits of the reliability function are coincident with the reliability estimation truth function curve, thereby indicating that the reliability estimation function is more accurate. As the vibration value increases, the upper and lower limits of the reliability function deviate further from the estimated truth function curve. When the vibration value is greater than 0.8 mm/s 2 , the reliability estimation true value and the lower-limit function decrease sharply. is is because the estimation of the reliability function becomes more difficult as the vibration value increases and the dispersion of the vibration value increases. When the confidence level is equal to 0.95, the estimated true value is 0.85 mm/s 2 . Combined with the above analysis, when the fault of the spindle bearings of the main fan is judged, the vibration value of 0.85 mm/s 2 is one of the parameters, and the correctness of the method is also proved. 
Conclusions
In this paper, a fault analysis of the spindle bearings of the main fan and a bearing vibration reliability analysis are carried out on the basis of the bearing vibration signal. e following conclusions are drawn:
(1) e maximum entropy method of grey bootstrap is proposed to establish the vibration probability density function of the spindle bearing. An empirical coe cient is introduced to establish the true value function of the bearing reliability estimation. (2) e bearing reliability estimation true value decreases as the empirical coe cient increases. Moreover, the estimated interval di erence also decreases. When the empirical coe cient is equal to 0.1, the estimated true value is more in line with the real situation. (3) When the empirical coe cient is equal to 0.1, the true value of the vibration estimation is equal to 0.85 mm/s
2 . e vibration value should be one of the bases for the bearing failure warning. is is also the actual working condition-when the actual vibration value of the bearing is greater than 0.84 mm/s 2 , the bearing vibration increases linearly. Finally, the validity and correctness of the method are veri ed.
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